Land surface models, like the Common Land Model component of the ParFlow integrated hydrologic model (PF-CLM), are used to estimate transpiration from vegetated surfaces. Transpiration rates quantify how much water moves from the subsurface through the plant and into the atmosphere. This rate is controlled by the stomatal resistance term in land surface models. The Ball-Berry stomatal resistance parameterization relies, in part, on the rate of photosynthesis, and together these equations require the specification of 20 input parameters. Here, the active subspace method is applied to 2100 year-long PF-CLM simulations, forced by atmospheric data from California, Colorado, and Oklahoma, to identify which input parameters are important and how they relate to three quantities of interest: transpiration, stomatal resistance from the sunlit portion of the canopy, and stomatal resistance from the shaded portion. The slope (mp) and intercept (bp) parameters associated with the Ball-Berry parameterization are consistently important for all locations, along with five parameters associated with ribulose bisphosphate carboxylase/oxygenase (RuBisCO)-and light-limited rates of photosynthesis [CO 2 Michaelis-Menten constant at 258C (kc25), maximum ratio of oxygenation to carboxylation (ocr), quantum efficiency at 258C (qe25), maximum rate of carboxylation at 258C (vcmx25), and multiplier in the denominator of the equation used to compute the light-limited rate of photosynthesis (wj1)]. The importance of these input parameters, quantified by the active variable weight, and the relationship between the input parameters and quantities of interest vary seasonally and diurnally. Input parameter values influence transpiration rates most during midday, summertime hours when fluxes are large. This research informs model users about which photosynthesis and stomatal resistance parameters should be more carefully selected. Quantifying sensitivities associated with the stomatal resistance term is necessary to better understand transpiration estimates from land surface models.
Introduction
Recent developments in satellite technology allow us to see snapshots of vegetation coverage across the entire world (Zhang et al. 2006; NASA 2015) . Physically, the vegetation that we can see in these images is moving water from the subsurface and into the atmosphere via transpiration: water is taken up by roots, continues up the plant structure, and escapes into the atmosphere when leaf stomata open to facilitate carbon uptake for photosynthesis. a Current affiliation: Wisconsin Department of Natural Resources, Madison, Winconsin.
Supplemental information related to this paper is available at the Journals Online website: http://dx.doi.org/10.1175/ JHM-D-16-0053.s1.
Hydrologic models, including land surface and groundwater models, are commonly used to understand how water and energy are distributed between the subsurface, land surface, and atmosphere. Land surface models use parameterizations to represent physical processes like transpiration, and they require several input parameters to characterize the vegetation. Transpiration also depends on the availability of water in the root zone and atmospheric conditions, but the physiological details are condensed into one term in land surface models-the stomatal resistance. The parameterization and calculation of this particular term becomes especially important when considering uncertainties associated with modeled estimates of transpiration and latent heat.
Several stomatal resistance parameterizations exist (Damour et al. 2010; Leuning et al. 1995; Jarvis 1976 ), but the Ball-Berry approach (Collatz et al. 1991 ) is widely used in land surface models like the Common Land Model (CLM). The Ball-Berry parameterization is an empirical formulation that relies, in part, on the rate of photosynthesis, which can be limited by light, the rate of carboxylation, or the export of products out of the reaction center (Collatz et al. 1991) . Together, the stomatal resistance and photosynthesis equations require the selection or specification of at least 20 parameters. These values are typically hard coded within the land surface model, which makes them difficult to update, and have limited documentation regarding their assigned values. Furthermore, it is common for parameters like the slope and intercept terms of the Ball-Berry equation and the maximum rate of carboxylation to hold the same value for all vegetation types, even though they have been shown to vary (Kattge et al. 2009 ). Databases and research regarding photosynthesis parameters exist within the plant community (e.g., Kattge et al. 2009; Wullschleger 1993; Gu et al. 2010 ), but their extension to land surface model parameters is limited.
The stomatal resistance is used to compute the rate of transpiration. Transpiration can be a significant portion of the latent heat energy flux when vegetation has access to sufficient amounts of water and energy (Lawrence et al. 2007; Schlaepfer et al. 2014) . However, most land surface model sensitivity analyses that evaluate latent heat (e.g., Bastidas et al. 1999; Henderson-Sellers 1993; Rosero et al. 2010; Li et al. 2013; Liang and Guo 2003; Liu et al. 2004; Göhler et al. 2013) do not consider transpiration explicitly; they include few, if any, stomatal resistance or photosynthesis parameters. For example, in a sensitivity analysis using an 18-day period of atmospheric forcing from the Great Plains, only two out of the 32 parameters considered were associated with physiologic controls. One of those two parameters (temperature adjustment to the maximum carboxylation rate) was found to be important for latent heat estimates (Liu et al. 2004) . Using a longer analysis period, Li et al. (2013) completed approximately 400 one-year CLM simulations using a domain and atmospheric forcing representative of a watershed in China. Of the 40 parameters evaluated, two stomatal resistance parameters and two photosynthesis parameters were included; one of the photosynthesis parameters (quantum efficiency) was consistently important for latent heat estimates (Li et al. 2013) . Another sensitivity analysis using CLM was completed by Göhler et al. (2013) , where approximately 3000 two-year simulations were completed for deciduous and evergreen vegetation types located in France. Göhler et al. (2013) considered 66 parameters, five of which were associated with plant physiology, and found that photosynthesis estimates were sensitive to two plant parameters: maximum rate of carboxylation and the Ball-Berry stomatal resistance slope parameter. Realizing that parameter sensitivities might vary in time, Prihodko et al. (2008) used the Simple Biosphere Model, version 2 (SiB2; Sellers et al. 1996) , to evaluate how sensitivities associated with 32 soil and 14 vegetation parameters varied by month at a forested site in northern Wisconsin. After conducting 20 000 simulations, approximately 10 photosynthesis parameters were identified as highly influential during the summer season and neighboring months. These studies indicate that estimates of transpiration, and therefore latent heat, can be sensitive to parameters associated with the stomatal resistance formulation.
A variety of sensitivity analysis methods have been used to evaluate land surface models (Jefferson et al. 2015; Beringer et al. 2002) . While individual sensitivity methods vary in their mathematical approaches, the overall goal is the same: to understand the relationship between model inputs and outputs. The active subspace method is relatively new to the field of hydrology (Jefferson et al. 2015; Gilbert et al. 2016 ) but has been previously used in engineering applications Lukaczyk et al. 2014) . Information obtained from the use of this method includes 1) the relative importance of each selected input parameter, quantified through the active variable weight, and 2) a low-dimensional model, visualized through a sufficient summary plot, which represents the relationship between the model's inputs and the output quantity of interest. Specifically, the low-dimensional model reveals how perturbations of important input parameters strongly impact output quantity estimates. The combination of the active variable weights and sufficient summary plot can be used to gain insight into model behavior in a way that other sensitivity methods cannot.
In this paper, we conduct a sensitivity analysis using the active subspace method to identify which Ball-Berry stomatal resistance and photosynthesis parameters most strongly influence three quantities of interest: transpiration, stomatal resistance from the sunlit portion of the canopy, and stomatal resistance from the shaded portion of the canopy. Of the few studies that evaluate sensitivities associated with the transpiration portion of the latent heat flux, most do not include a comprehensive list of parameters used to compute the stomatal resistance. The model domains used in previous studies are also location specific and it is unclear whether parameters identified as important at one site can be extended to another. Here, we use the CLM, coupled to the ParFlow (PF) integrated hydrologic model, to model single-column domains with deciduous tree cover. We apply atmospheric forcing from three different climates in an attempt to control for the effect that location has on parameter sensitivities. Furthermore, because transpiration rates vary seasonally and diurnally, we hypothesize that parameter sensitivities will also vary in time. The research questions we address in this manuscript include the following: 1) Do important stomatal resistance and photosynthesis parameters depend on atmospheric conditions associated with different geographic locations? 2) Which stomatal resistance and photosynthesis parameters exert the most control on transpiration and stomatal resistance estimates? 3) How do sensitivities vary seasonally (i.e., by month) and diurnally (i.e., by hour)?
The results provide insight to the behavior of modeled transpiration and stomatal resistance estimates and allow us to make recommendations on how careful the modeler should be when specifying model parameters.
Methods

a. Transpiration in PF-CLM
The Common Land Model is composed of a series of land surface modules that are called as a subroutine within the ParFlow integrated groundwater model to compute energy and water fluxes into and out of the land surface. Soil evaporation and transpiration fluxes remove water from the soil column. These fluxes are incorporated into the Richards equation so that soil pressures can be solved for by ParFlow (Kollet and Maxwell 2008; Atchley and Maxwell 2011; Ferguson et al. 2016) . Transpiration E tr (kg m 22 s 21 ) occurs from the dry portion of the canopy L d (unitless): 
where A is the rate of photosynthesis (mmol CO 2 m 22 s
21
), c s (Pa) is the CO 2 concentration at the leaf surface, and P atm (Pa) is the atmospheric pressure. Together, the saturated vapor pressure at the vegetation temperature e s (Pa) and the vapor pressure of the canopy air e i (Pa) combine to form the relative humidity. Two parameters are used to relate r s to the rate of photosynthesis, CO 2 concentration, and pressures: a slope parameter m (unitless) and the minimum stomatal resistance b (mmol m 22 s
). During daytime hours in PF-CLM (i.e., PAR . 0) the rate of photosynthesis is limited by one of three mechanisms: the ribulose bisphosphate carboxylase/oxygenase (RuBisCO) enzyme w c , the buildup of products from the photosynthesis reaction w e , or the amount of light w j . The photosynthesis rate is used to compute c s so that the quadratic equation can be used to solve (2) for r s . Both w c and w j depend on the internal CO 2 concentration of the leaf c i , which is solved for iteratively using A, c s , and r s . At night, when PAR # 0, the stomatal resistance is set to a constant value: Figure 1 shows a flowchart of the r s computation, which is completed for each PF-CLM tile, at every time step, for both the sunlit and shaded fractions of the dry canopy. This series of calculations is repeated three times before r s is inserted into (1) to estimate the transpiration flux. Collectively, the stomatal resistance (2) and the photosynthesis equations (appendix) require that 20 different parameter values be specified (Table 1) ; this is nearly the same number of parameters required to characterize vegetation properties (Jefferson et al. 2015) . Some of the stomatal resistance and photosynthesis parameters can be obtained or estimated from physical measurements (e.g., V c,max , x CO 2 , m, and b). However, information about most of these parameter values is limited. The default values in Table 1 are constant for all times and vegetation types in PF-CLM. Several of these parameters are hard coded within the module while others are assigned during the subroutine initialization. If users want to change any of these parameter values, they must locate them within the source code files, make the desired changes, and recompile the code.
b. PF-CLM setup and datasets
All PF-CLM simulations completed as part of this research used a 2 m 3 2 m 3 10 m deep single-column domain. To control for the effect of geographic location on stomatal resistance and photosynthesis parameter sensitivities, the land cover and subsurface were specified as deciduous vegetation and loam soil (hydraulic conductivity 5 0.04465 m h 21 , porosity 5 0.512, van
Genuchten a 5 4.0738 m
21
, and van Genuchten n 5 2.19; where a and n are parameters estimated from soil-water retention data with differing values for different types of soil), respectively. Hourly atmospheric forcing datasets from three locations were considered: 1 year from Breckenridge, Colorado (Mikkelson et al. 2013 ); 1 year from the Little Washita watershed in Oklahoma (Kollet and Maxwell 2008) ; and 3 years (average, wet, and dry) from the Tonzi Ranch field site in California (Gou 2014) . Table 2 summarizes precipitation totals, average air temperature, and average incoming shortwave radiation for the five atmospheric forcing datasets. The Colorado and Oklahoma sites receive precipitation throughout the year, whereas precipitation at the California site primarily occurs between December and May, with little to no precipitation in the summer months. Air temperatures are similar at the Oklahoma and California sites and coolest at the snow-dominated Colorado site. All locations are in the Northern Hemisphere and receive greater amounts of shortwave radiation in the summer. Forcing from each location was iteratively applied to the single-column domain until the subsurface storage reached a steady state. This resulted in initial water-table depths of 0.4, 1.1, and 1.2 m for the Colorado, Oklahoma, and California simulations, respectively.
Two additional single-column scenarios were completed to incorporate site-specific information from the Little Washita watershed. These simulations were forced with the Oklahoma atmospheric dataset described above. The first set of additional simulations kept deciduous tree as the land cover, but used soil properties (loamy sand) and a deeper water table (8 m) to more accurately describe actual subsurface conditions (Condon and Maxwell 2014; Kollet and Maxwell 2008) . Since most of the land cover in the Little Washita watershed is grassland (Condon and Maxwell 2014) , the second set of additional simulations included updated soil, water-table, and land surface properties.
Many quantities are output from PF-CLM, but this research focused on three: the rate of transpiration, the stomatal resistance of the sunlit portion of the canopy, and the stomatal resistance of the shaded portion of the canopy. To assess whether parameter sensitivities vary with time, daytime hourly outputs for each of these three quantities were averaged by month for the entire year and by hour for the summer months of June-August.
c. Active subspaces for sensitivity analysis
The active subspace method was used to evaluate the sensitivity of monthly-and hourly-averaged rates of - ( Göhler et al. 2013; Kosugi et al. 2006; Katul et al. 2010; Kucharik et al. 2000; Li et al. 2013; Sellers et al. 1996; Tanaka et al. 2002; Xu and Baldocchi 2003) Max stomatal resistance corresponds to 700 nm.
transpiration and stomatal resistance to the parameters shown in Table 1 . The active subspace method is a gradient-based global sensitivity approach that identifies the directions in the input parameter space along which perturbations most strongly influence selected output quantities. Because gradients of each input parameter with respect to the desired output quantity of interest are not available from PF-CLM, they are approximated using a linear model of the output as a function of the inputs [see algorithm 1.3 in ]. We applied this algorithm using the following four steps:
1) Sample 300 sets of 20 stomatal resistance and photosynthesis parameters input parameter values from the uniform distributions specified in Table 1 . Complete a PF-CLM simulation with each set of input parameter values. A total of 2100 year-long PF-CLM simulations were completed ['8760 h yr 21 3 300 realizations 3 (5 forcing sets 1 2 additional scenarios) ' 18 million h of output data]. 2) Compute quantities of interest from PF-CLM output data: transpiration rates, sunlit stomatal resistance, and shaded stomatal resistance. 3) Use least squares to fit coefficients of a linear model using pairs of quantities of interest and input parameter values. Use the coefficients to compute the active variable weight (i.e., the normalized gradient of the linear model) for each quantity of interest (see Fig. 2 , left). 4) Compute the active variable for each realization by adding up the product of each normalized input value and active variable weight. Make a sufficient summary plot where the active variable is on the x axis and the corresponding quantity of interest value is on the y axis (see Fig. 2 , right). Each point on the sufficient summary plot corresponds to one realization (i.e., one model run).
This sensitivity approach is closely related to techniques for sufficient dimension reduction in statistical regression models (Cook 1998) . A sufficient summary plot that shows a near-univariate relationship confirms that the linear model identified a single important direction in the 20-dimensional input parameter space. The plot also visualizes the input-output relationship. A thorough explanation of the active subspaces method, as well as its derivation and prior applications in hydrology, can be found in Constantine (2015), Gilbert et al. (2016) , and Jefferson et al. (2015) . The active subspace method produces a set of weights-one for each input parameter for each quantity of interest. These weights quantify the relative importance of each parameter; they are computed independently for each quantity of interest. Thus, the weights generally differ across quantities of interest. Weight values lie between 21 and 1, where a larger absolute value indicates greater importance of the respective parameter. In Fig. 2, p2 is more important than p3. The weights are subsequently used to discover a lowdimensional relationship between the input parameters and output quantity of interest. The active variable (x axis of sufficient summary plot) is a weighted combination of normalized input parameters using the computed weights. The sign of the weight determines which direction the active variable will move if the corresponding parameter is increased or decreased. For example, because the p1 input parameter in Fig. 2 has a large, positive weight w 1 , if its assigned value were to increase, it would result in a larger (more positive) active variable. This translates to a larger value for the quantity of interest due to the positively sloped relationship in the sufficient summary plot. Conversely, an increase in the p2 parameter value would result in a more negative active variable and decrease the quantity of interest because it has a negative weight w 2 . The sufficient summary plots must smaller changes in the output quantity of interest, even when a weight is large. The sensitivity analyses provided by the active subspace method depend on the ranges chosen for the FIG. 3. Monthly transpiration rates and contribution of transpiration to total latent heat flux from all realizations of three meteorological forcing datasets. The symbols correspond to the median and the lower and upper bars correspond to the first and third quartiles, respectively.
FIG. 2.
General example of weight and sufficient summary plots generated by applying the active subspace method; N 1 and w 1 correspond to the normalized input parameter value and active variable weight, respectively, of parameter p1. The number of input parameters is not limited to a certain quantity; 20 corresponds to the number of input parameters investigated as part of this study.
inputs. The range for each parameter was obtained from field measurement and model documentation literature (Table 1) ing sets ' 2 million h of output data), we adjusted the ranges of two parameters to avoid unrealistic outputs (compared to the results produced from simulations with default values).
Results and discussion
a. Sensitivity differences by location
Processed outputs from PF-CLM show that daytime transpiration rates and contributions to the total latent heat flux vary based on location and time of year (Fig. 3). Figures 3 (top) and (bottom) contain data from approximately 3.8 million h (64200 daylight h 3 300 simulations 3 3 forcing sets). Transpiration rates from the columns forced with Oklahoma and California (average year) data have similar monthly median and interquartile ranges and resulted in higher transpiration rates than the column forced with Colorado data. Transpiration percentages from the Colorado and California forcings displayed stronger seasonal behavior than percentages associated with the Oklahoma forcing, which remained between 40% and 80%. Percentage results from the California forcing showed the smallest interquartile ranges during spring and summer months, but the largest interquartile ranges occurred during the rainy, winter season when both transpiration and canopy evaporation occurs. Even though results in Fig. 3 were obtained by applying specific one-dimensional forcing data to single columns, the approximate contribution of transpiration to the latent heat flux is similar to results from global modeling studies (Lawrence et al. 2007 ) and field-scale observational studies completed in the United States (Schlaepfer et al. 2014 ). Regardless of seasonal and geographic variability, transpiration rates and contributions to latent heat were the largest during summer months.
Of the 20 stomatal resistance and photosynthesis parameters evaluated, between four and nine emerged as important (active variable weight magnitude .0.25) for modeled estimates of transpiration and stomatal resistance (Table 3, Figs. 4a,c) . The most important parameters included the slope and intercept of the Ball-Berry parameterization along with parameters used to compute RuBisCO-and light-limited rates of photosynthesis. Sufficient summary plots associated with monthly-averaged transpiration rates for each site exhibited similar seasonal behavior; however, the magnitude and range of the output quantity varied by forcing (Figs. 4d,f) . Less incoming shortwave radiation and lower air temperatures resulted in low transpiration rates for the Colorado forcing (Fig. 4d) , whereas more incoming shortwave radiation and warm air temperatures led to higher transpiration rates for the Oklahoma (Fig. 4e) and California forcings (Fig. 4f) . Compared to transpiration rates from the average year at the Tonzi Ranch site, estimated rates were similar during the wetter year (Fig. S5 in the supplemental material) and slightly lower for the dry year (Fig. S7 in the supplemental material). Differences in transpiration rate magnitudes are primarily due to atmospheric forcing since vegetation is likely not limited by water due to high water tables in the single-column domains. In an actual watershed there are spatial variations of water-table depths, soil properties, and land-cover types that are not captured by a single-column domain. However, if we consider a site-specific model as a combination of single columns with different subsurface and surface characteristics, we would expect transpiration rates to vary across the domain. Additional singlecolumn simulations using site-specific water-table depth, soil type, and land-use information from the Little Washita watershed were completed to confirm that actual site conditions do not influence which parameters control transpiration estimates. Figure 5 shows that even when the hypothetical domain was updated to better represent actual site conditions, important parameters (vcmx25, kc25, ocr, wj1, bp, and mp) remained the same (Figs. 4b, 5a,b) . However, changes in subsurface conditions and vegetation type did impact the magnitudes of the transpiration flux (Figs. 5c,d ). Trees that have access to shallower subsurface water (Fig. 4e ) sustained higher rates of transpiration throughout the summer months and transpired at rates greater than trees that did not (Fig. 5c ). Grasslands and deciduous trees had similar averaged transpiration rates and seasonal behavior when there was a deeper water table (Figs. 5c,d ). The parameter sensitivities identified in this research are a result of the model parameterization, not 
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site-specific subsurface, land surface, or atmospheric conditions.
b. Time-varying sensitivities and behaviors
Closer inspection of Fig. 4 reveals that input parameter weights and sufficient summary relationships vary throughout the year. Because parameter sensitivities are quite similar for all three sites, the remaining discussion about time-varying sensitivities and behaviors is focused on the 300 realizations forced with Tonzi Ranch atmospheric data from the most average year . Vegetation measurements (Osuna et al. 2015; Xu and Baldocchi 2003) , PF-CLM modeling (Gou 2014) , and other hydrology research (Miller et al. 2010) have been completed at the California site. Additional information from simulations completed with forcing from wet (2005-06) and dry years at the California site as well as for the Colorado and Oklahoma sites is located in the supplemental material.
1) SENSITIVITIES ASSOCIATED WITH MONTHLY AVERAGED DAYTIME QUANTITIES
Given the seasonal variations shown in Figs. 3 and 4 , we first evaluated parameter sensitivities associated with monthly-averaged daytime quantities of interest. The slope (mp) and intercept (bp) parameters that must be specified as part of the Ball-Berry stomatal resistance model were consistently important for stomatal resistance (Fig. 6 ) as well as for transpiration (Fig. 4c) estimates. Parameter bp was important all year for monthly-averaged r s computations associated with the shaded portion of the canopy. While maintaining their overall importance, there was much variation in the weight magnitudes of bp and mp throughout the year (Figs. 7a,b) . More parameters are important for r s,sun FIG. 5. Active variable weights and sufficient summary plots for monthly-averaged transpiration and stomatal resistance for variations of subsurface and surface properties (scenarios 1 and 2) using Little Washita watershed forcing from September 1998 to August 1999. than for r s,sha , especially in spring and summer months. The maximum rate of carboxylation (vcmx25) was not important for monthly-averaged r s,sha (Fig. 7b) , but was important for monthly-averaged r s,sun in the late summer and early fall months (Fig. 7a) . The hard-coded lightlimited photosynthesis rate parameter (wj1) influenced monthly-averaged r s,sha and was regularly among the most important parameters for transpiration. Three other hard-coded photosynthesis parameters (kc25, ocr, and qe25) consistently had active variable weight magnitudes larger than 0.25. In general, weights associated with monthly-averaged r s,sun quantities were more variable and seasonally dependent than those for r s,sha (Figs. 7a,b) .
The relationship between the input parameters and monthly daytime-averaged stomatal resistance values were similar for all months in the shaded portion of the canopy (Fig. 7d) and varied slightly during the fall months for the sunlit portion of the canopy (Fig. 7c) . However, the sufficient summary plot for monthly daytime-averaged transpiration rates showed much variation throughout the year (Fig. 4f) . The slope of the input-output relationship was flattest during the winter, increased during the spring to reach the steepest slope during the summer, and then decreased during the fall. This seasonal behavior translated to high transpiration rates during summer months and lower rates during energy-limited winter months when the leaf area index is also at its minimum. When the slope is the steepest (May-September), the range of possible transpiration rates is the largest. Steeper slopes also indicate greater sensitivity to changes in important input parameter values. For example, bp was among the most important parameters for averaged transpiration rates in both June and October (Fig. 4c) . However, changes in the value of bp will influence transpiration in June much more than in December because of the slope of the input-output relationship (Fig. 4f) .
It is possible to physically estimate values for several parameters identified as important to compute transpiration and stomatal resistance in PF-CLM. Osuna et al. (2015) and Xu and Baldocchi (2003) calculated maximum carboxylation and electron transfer rates from gas exchange measurements collected periodically throughout the growing season at the Tonzi Ranch field site. These two factors, along with leaf nitrogen content, influence the rate of photosynthesis and, therefore, stomatal resistance. Parameter vcmx25 is a constant in PF-CLM, but observations show that its value varies seasonally; the magnitude is highest in the spring and decreases throughout the summer (Osuna et al. 2015; Xu and Baldocchi 2003) . The vcmx25 values used in the realizations for this research are lower than the spring peak values but lie within the range of observations obtained at the Tonzi Ranch field site. While vcmx25 has a high active variable weight with respect to the sunlit stomatal resistance (Fig. 7a) , the magnitude of its importance does not translate to transpiration (Fig. 4c) . Thus, if transpiration was the quantity of interest in a modeling study, a vcmx25 value that does not represent observations should not have a substantial impact on transpiration estimates. Observed values of the maximum electron transfer rate are also shown to vary throughout the year (Osuna et al. 2015; Xu and Baldocchi 2003) . In PF-CLM, the electron transfer rate FIG. 6 . Relative importance of input parameters for monthly-averaged sunlit and shaded stomatal resistance quantities. Shading corresponds to the magnitude of the active variable weight: dark gray (0.75-1; more important), gray (0.50-0.75), and light gray (0.25-0.50; less important). The borders indicate which fraction of the canopy exerts the control: shaded (solid black), sunlit (no line), or both (dashed line).
] is a computed quantity that depends on the photon energy content (ecp), quantum efficiency (qe25), and PAR. PAR is derived from shortwave radiation, which is included as part of the forcing data, and varies diurnally and seasonally for each site. Currently, measurements of quantities like the electron transfer rate are not available at the frequency and duration needed to be input directly into PF-CLM. Xu and Baldocchi (2003) also calculated the Ball-Berry slope parameter from gas exchange measurements. They found that mp remained constant throughout periods of water stress and high air temperatures. This finding suggests that use of a constant mp value specific to a particular vegetation type may be adequate to represent physical behavior. Important parameters (vcmx25, qe25, and mp) predicted from this sensitivity analysis align with factors that control vegetation dynamics.
2) SENSITIVITIES ASSOCIATED WITH SUMMER
HOURLY AVERAGED DAYTIME QUANTITIES When the quantities of interest are averaged by hour during June-August, the weights (Figs. 8, 9a-c) and sufficient summary plots (Figs. 9d-f) capture changes throughout the diurnal cycle as opposed to seasonal changes shown by the monthly-averaged plots (Figs. 4, 7) . The Ball-Berry slope and intercept parameters exerted strong influence over hourly-averaged r s,sun and r s,sha throughout the entire day (Figs. 8, 9b,c) . Hourly estimates of stomatal resistance from the sunlit portion of the canopy were also influenced by kc25, vcmx25, and wj1. The maximum ratio of oxygenation to carboxylation (ocr) and quantum efficiency (qe25) further influenced sunlit stomatal resistance at dawn and dusk, but ocr also contributed to estimates of shaded and sunlit stomatal resistance in the afternoon (Fig. 8) . Fewer parameters influenced the quantities of interest at dawn and dusk compared to midday, afternoon, and early evening hours when transpiration rates were the largest. The relationship between the input parameters and hourly stomatal resistance was similar for all hours (Figs. 9e,f) ; however, resistance values spread farther from the perceived univariate trend compared to the sufficient summary plots of the monthly-averaged quantities (Figs. 7c,d ).
As expected, many important input parameters for r s,sun and r s,sha were also important for transpiration rates (Fig. 9a) . Transpiration rate behavior reflected the diurnal cycle; rates were lowest in the morning, increased during midday and afternoon hours, and then decreased later in the day (Fig. 9d) . Furthermore, transpiration rates were most sensitive to input parameters during the middle of the day and showed a wider range of possible values when averaged by hour (Fig. 9d ) than by month (Fig. 4f) . Photosynthesis parameters identified as important for hourly-averaged r s,sun values correspond to RuBisCOand light-limited rates of photosynthesis. Since qe25 is the only important r s,sun parameter exclusively used to compute the light-limited rate, Fig. 8 showed that the light-limited rate controlled r s,sun during morning and evening hours (ako, kc25, ko25, and ocr parameters are used to compute both photosynthesis rates). However, photosynthesis rates from the simulation using default parameter values were rarely limited by light and were almost always limited by the RuBisCO rate for the sunlit portion of the canopy (crosses in Fig. 10 ). It is not until results from all realizations were considered that two limiting rates for r s,sun emerged. Conversely, results from the default simulation suggest that r s,sha is limited by both RuBisCO and light, but predominately only one rate (i.e., light limited) occurred in the other realizations. The export-limited rate rarely controlled the stomatal resistance for either portion of the canopy. The inconsistency between which rate limits photosynthesis in the default simulation and the 300 realizations suggests that the default parameter values or the photosynthesis parameterization is not good enough to predict the controlling rate of photosynthesis. The choice of input parameter values influences which of the three rates is used to compute the stomatal resistance.
Conclusions
This analysis informs PF-CLM users about which photosynthesis and Ball-Berry stomatal resistance parameters should be carefully specified. Many of the parameters identified as important for latent heat estimates in other studies (e.g., Göhler et al. 2013; Prihodko et al. 2008; Li et al. 2013 ) agree with the parameters identified here. Modeled estimates of transpiration may also be improved when vegetation properties are more accurately assigned. For example, Sulis et al. (2015) found that modeled energy and carbon flux estimates using a platform that includes PF; CLM, version 3.5; and an atmospheric component aligned with observations better when default parameter values were updated to match crop-specific photosynthesis (e.g., vcmx25, qe25, and six others not included in this study) and Ball-Berry slope parameters. The active variable weights and sufficient summary plots provide one explanation to why modeled estimates changed when the vegetation parameters were updated: namely, the model is sensitive to mp, vcmx25, and qe25. Results from this sensitivity analysis also support the update to CLM, version 4.5, where mp and vcmx25 parameter values are assigned based on PFT (Oleson et al. 2013) . We recommend that modelers consider existing databases or documentation of field-based stomatal resistance and photosynthesis values when specifying important model parameters.
This sensitivity analysis also provides information about insensitive parameters. The parameter used to specify the partial pressure of carbon dioxide in the atmosphere (ppcd) had a low active variable weight magnitude (,0.15) for all monthly-and hourly-averaged quantities. Also, ppcd had a small effect on stomatal resistance and transpiration estimates. Experiments indicate that stomatal resistance is sensitive to the atmospheric carbon dioxide concentration: an increase in carbon dioxide will increase stomatal resistance and decrease transpiration (Field et al. 1995) . However, the 
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effect of concentration changes on canopy transpiration is expected to be less than the impact to stomatal resistance at the leaf scale (Field et al. 1995) . The response of PF-CLM compared to experimental evidence suggests that the current parameterization may not be adequate to predict responses of stomatal resistance and transpiration to increased atmospheric CO 2 concentrations. Nitrogen concentrations within plant foliage are also known to influence plant function (Drake et al. 1997; Bonan et al. 2012) . Aside from one foliage nitrogen factor (default value set to 1), no other nitrogen parameters are present in PF-CLM; therefore, sensitivities to nitrogen parameters were not evaluated. It will be important to assess and document sensitivity changes as the stomatal resistance parameterization is adjusted.
In conclusion, the active subspace method identified that approximately one-half of the 20 stomatal resistance and photosynthesis parameters evaluated exert moderate-to-high influence (active variable weight magnitude .0.25) on estimates of water transfer between the subsurface and atmosphere, regardless of geographic location. The two Ball-Berry parameters, mp and bp, consistently had large active variable weights. In addition, and in agreement with our hypothesis, the influence of important parameters on averaged stomatal resistance and transpiration quantities varied both seasonally and diurnally. Input parameter perturbations changed transpiration fluxes the most during midday summertime hours when fluxes are large, which concurs with findings by Prihodko et al. (2008) . Sensitivity analyses quantify the parameters' numerical importance, but input from plant physiologists would add insight and physical meaning to the equations and parameters used to model transpiration. Physical explanations and values for many important model parameters are still lacking. Data collection and modeling efforts are synergistic-field researchers provide data and insight sought by modelers, and modelers use this information to evaluate how parameters are incorporated and specified within a model. Hydrology must integrate measurements and models to address contemporary water resource concerns; the sensitivity analysis we provide can assist at this interface to inform which vegetation measurements are needed to inform and better understand transpiration estimates from land surface models. Energy Office of Science, Office of Advanced Scientific Computing Research, Applied Mathematics program under Award DE-SC-0011077 (P.G.C.).
APPENDIX
PF-CLM Photosynthesis Equations
The rate of photosynthesis A (mmol photon m 22 s 21 ) used to determine the stomatal resistance is taken as the minimum of three computed rates,
and does not include respiration. The maximum rate of RuBisCO carboxylation (i.e., RuBisCO-limited rate) is computed as
FIG. 10. Percentage of summer daytime hours each photosynthesis rate limits the stomatal resistance computation using the Tonzi Ranch forcing. The circles correspond to the median and the lower and upper bars correspond to the first and third quartiles, respectively. The crosses correspond to percentages associated with the simulation where default photosynthesis and stomatal resistance values were used. 
where k i,25 is the constant value at 258C, M i is the factor by which the magnitude changes with a 108C increase in temperature, and i can equal either c (for CO 2 ) or o (for O 2 ). Both constants are used to compute the CO 2 compensation point c p (Pa):
where 0.5 mol of CO 2 is released during the reaction between ribulose bisphosphate and 1 mol of O 2 and r oc (unitless) is the maximum ratio of oxygenation to carboxylation. The magnitude of V c,max is computed as
and is influenced by vegetation temperature and by the amount of water in the soil column, which is incorporated through the soil resistance factor b (unitless). The temperature dependency is applied through two functions:
which has a similar form to (A3) and f 2 (t y ) 5 1 1 exp is the universal gas constant. Soil saturation S (unitless) values from the upper 10 layers l in PF are used to determine the soil resistance factor
where f root,l (unitless) is the fraction of roots in each layer, f (unitless) is porosity, and S wp (unitless) and S fc (unitless) are degrees of saturation that correspond to the wilting point and field capacity, respectively. This form of V c,max assumes that V c,max25 includes the effect of foliage nitrogen concentration variations and does not include any additional adjustments for day length or vertical nitrogen gradients (Oleson et al. 2013 ). The second way that the rate of photosynthesis can be constrained is when the concentration of products (i.e., sugars) build up within the leaf (i.e., export-or sucroselimited rate): w e 5 3T p 5 3 3 0:167V c,max ,
where the triose phosphate utilization rate T p (mmol m 22 s
21
) is approximated as a fraction of V c,max . Last, photosynthesis rates can be limited by the amount of light needed to regenerate RuBisCO enzymes (i.e., light-limited rate):
where n 1 and n 2 are factors preceding c i and c p , respectively, and J (mmol CO 2 m 22 s
) is the electron transport rate J 5 E p qe 25 PAR ,
where E p is the photon energy content (mmol photons J
) and qe 25 (mmol CO 2 mmol photon 21 ) is the quantum efficiency at 258C. The minimum rate of photosynthesis is first used to compute the CO 2 concentration at the leaf surface c s (Pa):
where P CO 2 (Pa) is the concentration of CO 2 in the atmosphere taken as x CO 2 3 P atm , with x CO 2 (ppm) being the partial pressure of CO 2 ; D rb is the ratio of the diffusivity of CO 2 and water in the boundary layer; and r b is the boundary layer resistance. Finally, r s is solved from (2) using the quadratic equation and c i is calculated from c i 5 c s 2 AP atm D rs r s ,
where D rs is the ratio of the diffusivity of CO 2 and water through leaf stomata. The rate of photosynthesis [(A2), (A9), and (A10)] and CO 2 concentrations at two locations [(A12) and (A13)], along with vapor pressures and specified m and b parameters, are used to compute stomatal resistance using the Ball-Berry parameterization [(2)] . While m and b are hard coded in PF-CLM, actual values can be obtained from gas exchange measurements using a portable photosynthesis system (e.g., Li-Cor 6400 device). It takes approximately 1-2 h to complete one set of leaf-scale gas exchange measurements, noting that measurements from several leaves are required at multiple times throughout the growing season (Xu and Baldocchi 2003; Osuna et al. 2015; Wilson and Baldocchi 2000) . The estimate of m depends on the time step of the gas exchange measurements, where longer time steps produce more realistic values (Xu and Baldocchi 2003) . Physical estimates of m and b exist, but they are not widely available.
Most of the above equations are consistent among sources, but k i (A3), c p (A4), V c,max (A5), w j (A10), and J (A11) have been found to differ. Some of these equations are similar in form and contain similar variables but have different coefficient magnitudes (w j ; Arneth et al. 2002; Amenu and Kumar 2008; Gu et al. 2010; Oleson et al. 2013) or vary in how temperature is corrected (k i and V c,max ; Amenu and Kumar 2008; Katul et al. 2010; Oleson et al. 2013) . For example, Fig. A1 compares how the maximum rate of carboxylation changes with vegetation temperature from four different sources. In some cases, like for c p and J, equations differ in both form and composition (Chen et al. 1999; Gu et al. 2010; Amenu and Kumar 2008; Oleson et al. 2013 ). We do not evaluate sensitivities associated with formulation differences given that the purpose of this work is to evaluate the sensitivity of parameters typically held at constant values.
